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Artificial Neural Network (ANN)
Residential projects
Multilayer perceptron
Data miningMany previous studies have developed models for estimating the total cost, whether in the planning
stage or the early stage of the project. However, models for estimating the overall risk were proposed
in the planning stage only. This paper identifies the factors affecting the overall risk in residential projects
at the early stage. The 43 risk factors at the planning stage were identified using a Delphi technique.
Experts summarize the 43 risk factors into four factors that can be used to predict the overall risk in
the early stage of the project. A multilayer perceptron model with one hidden layer was proposed. The
mean absolute error rate for the proposed model was 10%. Risk factors can be used to develop a model
to predict the impact of overall risk on project cost at the early stage. The developed model helps stake-
holders decide whether the project should continue or be terminated.
 2021 THE AUTHOR. Published by Elsevier BV on behalf of Faculty of Engineering, Ain Shams University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).1. Introduction
The early stage may be referred to as the feasibility stage,
pre-design stage, or preliminary stage. During this stage, the total
cost, risks, and duration of the project are estimated in total based
on the experience from actual projects similar in scope. At the end
of this stage, stakeholders need to decide whether the project is
good for investment so that the necessary design can be completed
in addition to more detailed drafting or decide to terminate the
project. To determine the total contract value, the cost is calculated
from previous projects using an analogous method, after which a
percentage of this cost is added to cover the overall financial risks
in the project and profit.
Risk is classified into two overall types: negative and positive
risk. Negative risks may lead to an increase in schedule and costoverruns [1]. The use of professional risk management will
mitigate the effects of negative risks or increase the benefit of
positive risks. Identification of all risks is time-consuming and in
a case may be counterproductive [2]. The project manager should,
therefore, focus on the main risks as much as possible [3]. Risk
assessment is the most complex process of all risk management
processes and is carried out after the risk identification process
[4]. In the risk assessment process, potential risks are assessed
and arranged, allowing the project manager to include acceptable
risk groups in a watch list and hence identify the most significant
risks [5]. Poor estimation of the project cost is one of the main rea-
sons for cost overrun [6]. If the contractor takes a high ratio of the
risk, the total price will be higher than the independent estimate
and the contractor will lose the bid. If the contractor takes a low
ratio of the risk, the total price will be lower than the independent
estimate and the contractor may not achieve the required profit or
even be subject to loss. Therefore, a risk assessment is necessary at
an early stage via an accurate method such as an artificial neural
network (ANN). Many studies have focused on studying the cost
in the early stage of various projects, whether construction projects
[7], residential buildings [8], or power plant projects [9]. Unfortu-
nately, there is a gap in the study of risk factors and their effects on
the cost of the project at an early stage. Therefore, this research
identifies the risk factors affecting the cost of the residential pro-
jects at the early stage in Egypt.e early
Nomenclature
ANN Artificial Neural Network
RII relative importance index
ML_H_1 A multilayer perceptron model with one hidden layer
and a hyperbolic activation function
ML_H_2 A multilayer perceptron model with two hidden layers
and a hyperbolic activation function
ML_S_1 A multilayer perceptron model with one hidden layer
and a sigmoid activation function
ML_S_2 A multilayer perceptron model with two hidden layers
and a sigmoid activation function.
RBF A radial function and the SoftMax function as the activa-
tion function.
MSE Mean Square Error







TPR True Positive Rate
TNR True Negative Rate
ROC Receiver Operating Characteristic
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most important risk factors that affect the cost of the residential
buildings and then analyzing these factors. The second part con-
cern identification of the most important factors that affect the
overall risks in residential buildings at an early stage through
expert judgments. The third part concern developing a model for
predicting the overall risk at the early stage. Five different models
have been developed, based on the data mining of real projects.
Finally, the results of the study have been compared with previous
studies.
2. Literature review
There are many methods for estimating the dependent vari-
ables from independent variables. One of these methods is the
ANN, which aims to emulate the human brain. In general, its goal
is to benefit from the use of artificial intelligence and reduce
related global catastrophic risks to a minimum [10]. Artificial neu-
ral networks have many applications in different fields, for exam-
ple, Mehidi et al. (2014) assessed the risk value in cement
industries in Bangladesh using ANNs. The model consisted of ten
input units, six neurons in the hidden layer, and two units in the
output layer with a backpropagation algorithm. The error in the
prediction of results was 5% [11]. O’Halloran & Nowaczyk proposed
complete financial systems derived from realistic distributions of
bank trading data using an artificial intelligence-based approach
by incorporating advanced theoretical models of chart and
machine learning to estimate credit risk [12].
Other methods exist for predicting dependent variables such as
structural equation modeling (SEM), linear regression, system
dynamics (SD), discrete event simulation (DES), and analytic hier-
archy process (AHP). Ahmadabadi & Heravi (2019) used SEM to
construct a framework for risk assessment of large public–private
partnership (PPP) projects focusing on the interaction between risk
and stakeholder expectations [13]. Lamptey and Emmanuel (2018)
used linear regression to estimate the relationship between the
risk of cost overrun and change in project cost. The results indi-
cated that changes in the prices of construction materials and the
labor cost represent 97% of the cost overrun of construction pro-
jects in the south of Nigeria [14]. Eskander (2018) used the analytic
hierarchy process to estimate and classify the probability of a risk
occurring in construction projects in Egypt and Saudi Arabia during
the bidding and construction phases. The results indicated that
financial risk is the most important risk followed by design risks,
political and construction risks [15]. In other research, a combina-
tion of more than one technique was applied. For example, Xu et al.
(2018) developed a hybrid dynamic model that combines system
dynamics and discrete event simulation to study the impact of risk
factors on the performance of infrastructure project schedules [16].2
Al-Sobiei et al. (2005) used a genetic algorithm (GA) and ANN to
estimate the risk of contractor shortfalls in construction projects
being implemented for the Saudi Armed Forces [17].
Elhag and Wang (2007) compared ANN and regression analysis
to estimate the risk score and category for bridge maintenance pro-
jects. They noticed that the performance of neural network models
is better than the performance of multiple regression models [18].
Kim et al. (2013) compared the cost of constructing school build-
ings using three different methods: regression analysis, neural net-
work, and vector support machine. They argued that the results of
the neural network model are more accurate than those of the
regression analysis model and those of the support vector machine
model. Hence the authors chose to use ANN for analysis in this
study.
Risk factors in construction projects have been analyzed in
many previous studies. For example, Sameh et al. (2018) assessed
the risk of sustainable construction projects in the United Arab
Emirates (UAE). Thirty factors were divided into five groups: man-
agement, technical, green team, green materials, and organiza-
tional/economic. They collected forty-four questionnaires, each
one containing the probability and impact of each risk factor. The
top risks were lack of owner funding, inadequate sustainable
design information, design changes, tight schedule, and weak def-
inition of scope in sustainable construction [19]. Choudhry & Iqbal
(2012) revealed that financial factors and quality factors are the
most important risks [20]. Chan et al. (2011) identified the key risk
factors in the target cost contracts and guaranteed maximum price
contracts. Their results showed that the most important risk fac-
tors are change in the scope of work, errors in the tender docu-
ment, exchange rate changes, inadequate design, and unexpected
design development [21]. Al-Tabtabai and Alex (2000) developed
a model using a neural network model to estimate the increase
in project cost due to political risks. Their model depended on 50
cases, six input units, 14 hidden neurons, and one output. The
mean absolute error rate was 7% [22]. Chenyun and Zichun
(2012) used ANNs to estimate the risk index for an expressway
construction stage [23]. Table 1 shows the risk factors and their
references.
Many researchers have studied risk factors in the construction
industry using traditional techniques that can classify risk factors
but not estimate the overall risk, such as [2,15,19–21,31,40]. Other
studies developed models to estimate the overall risk, but either
low-accuracy methods such as Bayesian network [43] or ANNs
requiring many input variables that cannot be determined at the
early stage [11,17,18].
Several previous studies have developed models for estimating
the total cost, both in the planning stage and in the early stage of
the project. While for the project risks, extensive studies have been
carried out in estimating the risk factors and developing models to
Table 1
The risk factors compared with the previous studies.
Stakeholder Risk factor References
The owner (O) Delayed owner payments, Owner’s finance problem, change orders, the undefined scope of working. [24–27]
Contractor (C) Actual quantities differ from the contract quantities, use of defective material, quality control, and quality assurance
problems, differing site conditions, damage of material on-site, loss of productivity of equipment, errors on surveying
works, lack of workers skills, delayed labor disputes resolutions, changes in management ways, poor resource
management, work in more than one shift, shortage of equipment, unavailable materials, poor communications
between the home and field offices, poor safety procedures, the security of material and equipment.
[28–34]
Designer (D) Not coordinated design, delay in design, constructability of design, change in design. [35–37]
Government (G) Exchange taxes rate, new governmental legislation, unstable security circumstances, bribery, bureaucracy, difficulty
getting permits.
[31,38–40]
External environment (E) Inflation, exchange rate fluctuation, exchange fuel price, construction material price hike, change of labor cost, change
in the price of equipment required, adverse weather conditions, difficulty to access the site, catastrophes.
[31,38,40]
Mutual (M) Legal disputes during the construction phase among the parties of the contract, high competition in bids, poor
communication between parties.
[31,41,42]
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Unfortunately, no model has been proposed to estimate the overall
risk in the early stage of the project, especially for residential pro-
jects that have a special nature. Due to this gap in risk assessment
research in the early stage where there is not enough information
about the project in this period. This paper discusses risk factors in
the early stage, not the planning stage. To ensure the validity of
these factors for estimating the overall risk of the project, a model
using neural networks was proposed and the error rate of the pro-
posed overall risk model was compared with the error rate of cost
models in the early stage in previous studies. Therefore, this paper
assesses the risk factors in residential projects in Egypt and devel-
ops a model to predict the impact of the overall project cost risks
depending on some variables that can be easily identified in the
early stage.3. Methodology
A preliminary list of risk factors was proposed based on the lit-
erature review. The Delphi technique was used in this research to
obtain a consensus among experts on the final questionnaire. This
technique is based on a primary questionnaire answered by
experts. After receiving the experts’ answers, the researcher
reviews answers and removes repeated ones before modifying
the questionnaire, which is sent back to all experts for further com-
ments. The review and resending processes are repeated until con-
sensus is reached among experts on the final questionnaire.
In this research, the initial questionnaire was sent anonymously
to experts for comments. Expert comments were reviewed and for-
warded to the same experts for further comments. The authors col-
lected 200 questionnaires. Data were analyzed and validated for
reliability using Alpha Cronbach. Experts identified the most
important risk factors that may affect overall risk in residential
buildings at the early stage. Real data from housing projects were
collected with their corresponding risk factors. Due to time consid-
erations, only 38 projects were collected, thus the data was
repeated 5 times to construct models. Five different models were
created to forecast the overall risk rating for residential projects.
Multilayer perceptron (ML) with one hidden layer was suggested
using the hyperbolic activation function in the first model. In the
second model, multilayer perceptron was also applied, but with
two hidden layers using the hyperbolic activation function. The
third model was like the first model but used the sigmoid function
as the activation function. Multilayer perceptron with two hidden
layers and the Sigmoid activation function was proposed in the
fourth model. In the last model, the radial function and the Soft-
Max activation function were applied. In all models, 119 cases
were identified for training, 34 cases for testing, and 37 cases for3
the holdout. The final proposed model was the one that contained
the minimum mean square error. Ten folds were used for cross-
validation. Sensitivity analysis was performed to determine the
importance of each factor. The research methodology is illustrated
in Fig. 1.4. Ranking of risk factors at the planning stage
Five experts with at least 15 years of experience in project man-
agement were selected. A preliminary list of 51 risk factors that
were identified through a literature review was presented to
experts and they were asked to add any missing factor, in the first
round. The answer was that no significant risk factor was missing.
In the second round, experts were asked to rate the importance of
each factor on a five-point Likert scale. The median rather than the
mean was relied upon to reduce bias. Since the minimum impor-
tance value was (1) and the maximum value was (5), so the range
was (4). This range was divided into three regions. Hence, if the
median of any factor was less than 2.3, which means that this fac-
tor has a low impact and is therefore removed from the list.
According to Table 2, eight risk factors were omitted from the list.
Factors were sent to the experts with the median values. Each
expert was asked to indicate whether he agreed with the final list
or not. Experts unanimously agreed on the final list of factors in the
third round.
The risk factors were taken from the cited papers and catego-
rization was done by the authors. Risk factors were divided into
six main groups: owner (O), the contractor (C), designer (D), gov-
ernment (G), the external environment (E), and mutual (M). The
identified risks in the final questionnaire were evaluated by the
experts of residential projects in Egypt. The questionnaire con-
sisted of two parts. The first part of the questionnaire concerned
general information for the respondents. The second part targeted
the probability and impact of the risk factors. Probability and
impact scales are divided into five categories: very low, low, med-
ium, high, and very high. The questionnaire was distributed to 230
experts through interviews with experts. Only 200 experts
responded for an average response of 87%. The relative importance






where (RII) represents the relative importance index, (P) represents
the probability of the risk occurrence, (I) represents the impact of
the risk factor, and (N) represents the number of respondents to
the questionnaire which was 200 in this study.
The maximum probability or impact was (5) which indicated a
very high probability, and the minimum was (1), as shown in
Fig. 1. The methodology charts.
Table 2
The omitted risk factors from the primary list.
Risk factor Ex1 Ex2 Ex3 Ex4 Ex5 Mode Avg
O5 Late handing over of site 2 1 1 2 1 1 1.4
O6 Slow decision-making process 2 1 2 3 2 2 2
C18 Poor site management 1 2 1 1 1 1 1.2
C19 Damage to the structure 1 1 1 1 1 1 1
C20 Poor performance of sub-contractors 1 2 2 2 1 2 1.6
D5 Errors & omission in design drawing 1 2 1 1 1 1 1.2
E10 Culture differences 2 1 1 1 1 1 1.2
M4 Lack of transparency 2 2 2 2 1 2 1.8
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(25) and the minimum RII was (1). The authors classified the risk
factors into five categories: very low, low, medium, high, and very
high. The range of each category can be calculated using Eq. (2).
R ¼ ðA BÞ
m
ð2Þ
where R is the range of each category, A is the maximum RII which
equals 25, B is the minimum RII which is equal to 1, and m is the
number of categories which is equal to 5. The range of each risk cat-
egory according to the relative importance index is shown in
Table 3.Table 3
Risk category.





The reliability of the values in the questionnaire was calculated
by SPSS software. Cronbach’s Alpha for the results was 0.914,
which reflects the high reliability of the questionnaire. Further-
more, it indicates a high level of internal consistency concerning
the data collected. The ANOVA test was applied to determine
whether the results would change due to the difference in experi-
ence or not. The results showed that significant values were greater
than (0.05), which proved that there was no difference in mean
values regarding the years of experience of the respondents. The
characteristics of the risk factors are shown in Table 4. The first col-
umn contains the symbol of the risk, which indicates the category
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and impact of the risk, respectively. The fifth column indicates the
relative importance index, the sixth column represents the qualita-
tive risk analysis, and the last column shows the ranking of the risk
factor.
Of all 43 risk factors, there was no factor placed in a very high or
very low-risk category as shown in Table 4. It is also clear that
there were only two factors in the high-risk category. The most
important factor was the ‘‘exchange rate fluctuation”, with a rela-
tive importance index of 16.6. The ‘‘construction material prices
change” factor was rated as the second important factor, with a rel-
ative importance index of 15.7. The results showed that there were
17 factors in the medium-risk category. Twenty-seven factors were
classified as low-risk factors. The average risk factor for all risks
was 10.4, indicating that the risk in the construction of the residen-
tial projects in Egypt can be classified as low risk according to
Table 3.5. Risk factors at the early stage
Not all risk factors can be identified and analyzed at the early
stage due to limited information about the project at this stage.
Five experts reviewed the relative importance index of each risk
factor to identify the risk factors that should be taken into consid-Table 4
The risk assessment at the planning stage.
I.D. Risk factors
O1 Delayed owner payments
O2 Owner’s finance problem
O3 Undocumented change orders
O4 Undefined scope of working
C1 Differing between the actual quantities and the contract quantities
C2 Use of defective material
C3 Quality control and quality assurance problems
C4 Differing site conditions
C5 Damage of material on site
C6 Loss of productivity of equipment
C7 Errors in surveying works
C8 Lack of workers skills
C9 Delayed in labor disputes resolutions
C10 Changes in management methods
C11 Poor resource management
C12 Working for more than one shift
C13 Shortage of equipment
C14 Unavailable material
C15 Poor communications between the overhead and field offices
C16 Poor safety procedures
C17 Poor Security of material and equipment
D1 Not coordinated design
D2 Delay in design
D3 Non-constructability of design
D4 Change in design
G1 Changing tax rate
G2 New governmental legislations
G3 Unstable security circumstances
G4 Bribery/corruption
G5 Bureaucracy
G6 Difficulty to get permits
E1 Inflation
E2 Exchange rate fluctuation
E3 Changing fuel price
E4 Construction material price hike
E5 Change of labor cost
E6 A change in equipment price
E7 Adverse weather conditions
E8 Difficulty to access the site
E9 Catastrophes (floods, earthquakes, fire)
M1 Legal disputes during the construction Phase among the parties of the co
M2 High competition in bids
M3 Poor communication between Parties
5
eration at the early stage. Experts unanimously summarized the 43
risk factors into four risk factors that should be considered when
predicting the overall risk at the early stage of a project as shown
in Table 5. These factors are the contract type, implementation of
risk management processes, the contract cost, and total project
duration. The factor ‘‘contract type” was classified into a fixed-
price or cost-plus contract. The factor ‘‘implementation of risk
management processes” was classified into an ‘‘application of risk
management processes to the project” or ‘‘no of risk management
processes applied to the project”. Due to time considerations, the
authors monitored only 38 residential projects. In each project,
the percentage of the real risk and the corresponding four risk fac-
tors were recorded. As the population was large and unknown, the
population was considered unlimited, so that the sample size can
be determined using Eq. (3).
SS ¼ Z2  p  ð1 pÞ
C2
ð3Þ
where SS represents the sample size, which was 38, Z was equal to
1.96 according to 95% confidence level, p represents the probability
of the choice expressed as a decimal and chosen to be 0.5, and C
represents the confidence interval expressed as a decimal. In this
study, from Eq. (3) the confidence interval was 0.16 which is less
than 0.2, hence the results can be accepted at the early stage [8].Prob. Impact RII Category Rank
3.3 3.5 11.7 Medium 9
3.1 3.7 11.7 Medium 10
2.9 3.4 10.3 Low 21
2.4 3.3 8.6 Low 39
3.2 3.6 11.9 Medium 8
2.7 3.1 8.9 Low 35
3.0 3.3 10.1 Low 22
2.5 3.5 9.2 Low 31
2.6 3.4 9.3 Low 30
2.9 3.3 9.9 Low 24
2.5 3.4 8.5 Low 40
3.1 3.3 10.7 Medium 19
2.4 2.6 6.9 Low 42
2.9 3.1 9.1 Low 34
3.0 3.2 10.0 Low 23
3.0 3.4 10.8 Medium 18
2.8 3.3 9.5 Low 27
3.1 3.5 11.3 Medium 12
2.9 3.1 9.5 Low 28
3.0 3.3 10.4 Low 20
3.0 3.1 9.8 Low 25
3.2 3.4 11.0 Medium 15
3.1 3.4 11.1 Medium 14
3.2 3.3 10.9 Medium 16
3.3 3.7 12.5 Medium 6
3.3 3.6 12.7 Medium 5
2.6 3.2 9.1 Low 32
2.6 3.4 9.4 Low 29
2.6 3.6 9.5 Low 26
2.6 3.4 9.1 Low 33
3.0 3.4 10.8 Medium 17
3.5 3.9 14.0 Medium 4
3.9 4.2 16.6 High 1
3.7 4.0 15.3 Medium 3
3.7 4.1 15.7 High 2
3.2 3.4 11.5 Medium 11
3.2 3.5 12.0 Medium 7
2.5 2.6 7.2 Low 41
2.7 2.9 8.8 Low 37
1.9 3.3 6.7 Low 43
ntract 2.6 3.0 8.9 Low 36
3.3 3.3 11.1 Medium 13
2.6 3.1 8.6 Low 38
Table 5
Risk factors at the early stage.























































































Classification of risk score.
Risk category Low Medium High
Risk score Less than 0.05 0.05–0.15 More than 0.15
M. Badawy, F. Alqahtani and H. Hafez Ain Shams Engineering Journal xxx (xxxx) xxx6. A model for estimating the overall risk
To ensure that the above-mentioned four risk factors can be
used to determine the overall risk at the early stage with an
accepted error, an ANN model was developed, and the mean error
was calculated. The IBM SPSS software was chosen because of its
effectiveness as well as its ease of use and ability to illustrate the
results through diagrams. The ‘‘Implementation of risk manage-
ment processes” factor has two options, ‘‘yes” if risk management
processes are to be implemented in the project, or ‘‘no” if risk man-
agement processes do not apply to the project. The factor of ‘‘the
contract type” has two options, fixed-price contract, or cost-plus
contract. Hence, these two factors were selected as factors in the
input layer. On the other hand, the factors of ‘‘the contract value”
and ‘‘the total duration of the project” are numerical values. Hence,
these two factors were selected as covariates in the input layer. The
rescaling method of covariates was standardized. The output of the
model was ‘‘the classification of overall risk” which was divided
into three categories, low, medium, and high, according to the risk
score shown in Table 6.
Due to time considerations, data from only 38 projects were
gathered. The cases were duplicated five times to develop artificial
neural network models. Five different ANN models were proposed
to forecast the overall risk classification of residential projects,
with a different number of hidden layers and activation functions.6
In the first model (ML_H_1), a multilayer perceptron with one hid-
den layer and a hyperbolic activation function was used, while the
second model (ML_H_2) used a multilayer perceptron with two
hidden layers and a hyperbolic function. In the third model
(ML_S_1), a multilayer perceptron with one hidden layer and a sig-
moid activation function was used, while the fourth model
(ML_S_2) used a multilayer perceptron with two hidden layers
and a sigmoid function. The fifth model (RBF) used a radial function
and the SoftMax function as the activation function. 119 cases
were used to train the network, 34 to test it while 37 cases were
used for the holdout. For each model, the predicted classifications
of the overall risk were estimated. To evaluate the performance of
the ANN models, many statistical measures are available to calcu-
late the difference between estimated and actual values. In this
study, the performance of each model was measured by calculating
the mean square error (MSE) which can be calculated using Eq. (4),
and the mean absolute percentage error (MAPE) which can be cal-
culated using Eq. (5) [44].
















where ER represents the estimated risk, RS represents the risk score,
and N is the number of cases. The estimated and actual risk scores
for each model were collected in a Microsoft Excel sheet to calculate
the MSE and the MAPE in each model.
The model with the minimum error was selected as the pro-
posed model, which was the first model (ML_H_1) with an overall
MSE of 15.79% and MAPE of 10.09%. The proposed model consisted
of one input layer with six units plus bias, one hidden layer with
three neurons in addition to bias, and an output layer with three
units. The input, hidden, and output layers of the network diagram
are illustrated in Fig. 2. The MSEs and the MAPE of the five devel-
oped models were shown in Table 7.
The collected data were repeated 5 times, then divided using
10-fold cross-validation to minimize the risk. Each fold has the
same distribution of the risk score; 5 cases with low-risk, 11 cases
with medium, and 3 cases with the high-risk score. Ten trials were
proposed. In each trial, one-fold was selected to test the network
and the remaining folds were used for training. The number of neu-
rons and the errors in training and testing in each trial is shown in
Table 8. The maximum error in testing was found in fold-6 with
31.6%, while the average of the 10-fold model in the training stage
was 16.2%, which is close to the estimated error in the training
stage of the proposed model which was 16.8%. The average of
the 10-fold model in the testing stage was 12.6%, which is close
to the estimated error in the training stage of the proposed model
which was 11.8%.
The classifications of the observed and predicted overall risks
were shown in Table 9. The proposed model classified 190 cases,Fig. 2. The architecture of
7
with 99 out of 119 cases in the training stage predicted accurately
and 20 predicted incorrectly. In the testing stage, 30 out of 34 cases
were perfectly estimated while only 4 cases were incorrect, while
in the holdout 31 cases were correct and six cases were incorrect.7. Discussion
According to the data analysis, the most important risk factors
in residential projects at the planning stage were the exchange rate
fluctuation, construction material price change, exchange fuel
prices, inflation, and exchange rate tax. These factors belong to
the external environment and government groups. The factor of
exchange rate fluctuation is an important factor and ranks first in
this study. This follows in the view of recent economic events in
Egypt. This factor was ranked 16th in Chan et al. (2010) [45],
32nd in El-Sayegh (2008) [2], and 6th in Bing et al. (1999) [46].
The risk factor may affect at least one of the objectives of the pro-
ject, either cost, time, scope, or quality. In this paper, the effects of
risk factors were estimated based on their effect on cost only. The
ranking of risk factors may change if the impact of risk factors on
any other project objective, such as time, is taken into
consideration.
Bid price is one of the criteria for the bidding process. Scope of
work and technical resources are the main criteria for the early-
stage bidding evaluation process [47]. The cost factor was consid-
ered in the model proposed in this study. By the scope of work and
technical resources, the duration of the activities can be deter-
mined, and then the total duration of the project can be estimated.
In this research, the scope of work and the technical resources
were expressed by the total project duration. The proposed model
for predicting the overall risk in construction projects was a multi-
layer perceptron with one hidden layer and a hyperbolic activation
function. The proposed model consisted of one input layer with six
units plus bias, one hidden layer with three neurons in addition tothe proposed model.
Table 7
The errors in the five developed models.
ML_H_1 ML_H_2 ML_S_1 ML_S_2 RBF
Training 16.80% 16% 24.40% 25.20% 19.30%
Testing 11.80% 20.60% 35.30% 26.50% 29.40%
Holdout 16.20% 24.30% 24.30% 29.70% 32.40%
Overall 15.79% 18.42% 26.32% 26.32% 23.68%
MAPE 10.09% 14.47% 17.11% 17.98% 17.11%
Table 8
The errors in K-fold.
Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9 Fold-10
No. of neurons 5 4 4 4 4 3 6 8 4 5
training 18.7 8.2 13.5 18.7 22.8 31.6 14.6 11.7 16.4 5.3
testing 15.8 5.3 10.5 15.8 5.3 31.6 26.3 0 10.5 5.3
Table 9
actual and predicted Risk classification.
Predicted
Sample Low Medium High Correct %
Actual Training Low 22 7 0 75.9%
Medium 2 61 6 88.4%
High 0 5 16 76.2%
Testing Low 6 2 0 75.0%
Medium 1 18 1 90.0%
High 0 0 6 100.0%
Holdout Low 12 1 0 92.3%
Medium 2 16 3 76.2%
High 0 0 3 100.0%
M. Badawy, F. Alqahtani and H. Hafez Ain Shams Engineering Journal xxx (xxxx) xxxbias, and an output layer with three units. The inputs of the pro-
posed model were ‘‘the implementation of risk management pro-
cesses is yes”, ‘‘the implementation of risk management
processes is no”, ‘‘a contract type is a fixed-price contract”, ‘‘a con-
tract type is a cost-plus contract”, ‘‘the contract value” and ‘‘the
total duration of the project”. The outputs of the proposed model
were the classifications of the overall risk which were low, med-
ium, and high. The overall mean square error in the proposed
model was 15.79% and the mean absolute percentage error was
10.09%.
Hyari et al. accept an average accuracy rate of 26% and an abso-
lute error rate of 28% in their model [48]. The error can be acceptedFig. 3. The importance of i
8
in the early stage if it is less than 20% [8]. The differences in cost
between the estimated cost of the projects at the feasibility studies
and the contractual cost of public projects in the UAE range
between 28.5% and + 36% [49]. The error in the proposed model
for estimating the overall risk in this research was 16%, which
was less than the accepted error for the above-mentioned studies.
Hence, the ANN proposed model can be considered acceptable and
the four input factors are enough to estimate the overall risk in the
early stage.
The importance of the four input variables in the prediction of
the overall risk in the early stage of the project is illustrated in
Fig. 3, which indicates that the contract duration is the mostndependent variables.
Fig. 4. The receiver operating characteristic.
M. Badawy, F. Alqahtani and H. Hafez Ain Shams Engineering Journal xxx (xxxx) xxximportant factor in affecting the overall risk in residential build-
ings with the importance of 0.34. The next important factor is
the implementation of risk management processes in the project,
which have the importance of 0.28, followed by the contract cost
of the importance of 0.23. The final factor was the contract type
with the importance of 0.16. The sensitivity representing the true
positive rate can be estimated using Eq. (6). The specificity repre-
senting the true negative rate can be estimated from Eq. (7). The
receiver operating characteristic (ROC) is illustrated in Fig. 4 which
illustrates the relationship between sensitivity versus specificity.
The accuracy in predicting the low-risk or high-risk categories
was higher than the accuracy of estimating the overall risk in the
medium-risk category.
TPR ¼ TP
TP þ FN ð6Þ
TNR ¼ TN
TNþ FP ð7Þ8. Conclusion
The main risk factors at the planning stage were determined, via
a questionnaire designed using the Delphi technique. 200
responses to questionnaires were received. The results indicated
that the most important risk factors in residential projects at the
planning stage were the exchange rate fluctuation, construction
material price change, exchange fuel price, and inflation. The risk
factors at the planning stage were identified and analyzed which
were 43 factors to help to determine the risk factors at the early
stage which were four factors only. This research aimed to identify
the factors that can be used to predict the overall risk of residential
projects in Egypt at an early stage. Unfortunately, not all the risk
factors identified at the planning stage can be analyzed at the early
stage due to the lack of data. Four risk factors affecting the overall
risk were identified at an early stage. These factors were the imple-9
mentation of risk management processes, the contract cost, con-
tract type, and the project duration. Data mining for 38 real
residential projects in Egypt was performed. The cases were dupli-
cated five times to develop the ANN models. Five different ANN
models were proposed to forecast the overall risk of the project,
using different numbers of hidden layers and activation functions.
The proposed model contained one hidden layer with three neu-
rons. The overall MSE of the proposed ANN model was 15.79%
and the value of MAER was 10.09%. The contract duration and
the implementation of risk management were the most important
factors that affect the overall risk of the residential buildings in
Egypt at the early stage. The main challenge facing this study is
performing an accurate risk analysis with limited information
available. The results of this study indicated that the error rate
was less than the required threshold, hence the model can be
accepted. Hence, the four input factors can be used to identify
the overall risk at the early stage.9. Limitations of research
The impact of the risk factors and the overall risk were esti-
mated only based on the impact on the cost of the residential
buildings in this study. The four input variables used in this
research can be used to estimate the overall risk of construction
projects only in Egypt and should be reviewed before using in
any other country. However, because the data used to develop
the model was obtained from residential buildings in Egypt con-
structed between 2018 and 2019, the user must adjust the weights
of variables to apply it to later times.Declaration of Competing Interest
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